Abstract-Received Signal Strength (RSS) maps provide fundamental information for mobile users, aiding the development of conflict graph and improving communication quality to cope with the complex and unstable wireless channels. In this paper, we present CARM: a scheme that exploits crowd-sensing to construct outdoor RSS maps using smartphone measurements. An alternative yet impractical approach in literature is to appeal to professionals with customized devices. Our work distinguishes itself from previous studies by supporting off-the-shelf smartphone devices, and more importantly, by mitigating the error-prone nature and inaccuracies of these devices to build RSS maps through crowd-sensing. The main challenges are that, we need to calibrate error-prone smartphone measurements with "inaccurate" and "incomplete" data. To address these challenges, we build the measurement error model of smartphone based on the experimental observations and analyses. Moreover, we propose an iterative method based on DavidonFletcher-Powell (DFP) algorithm, to estimate the parameters for the error models of each smartphone and the signal propagation models of each AP simultaneously. The key intuition is that, the calibrated measurements based on the error model are constrained by the physics of the signal propagation model. Finally, a model-driven RSS map construction scheme is built upon these two models with these estimated parameters. The theoretical analyses prove the optimality and convergence of this iterative method. Also, the crowdsensing experiments show that, CARM can achieve an accurate RSS map, decreasing the average error from 19.8 to 8.5 dBm.
Ç

INTRODUCTION
W IFI APs have been pervasively deployed in urban areas, e.g., i-Shanghai [1], and many urban WiFi AP systems are emerging, such as SKYHOOK [2] . Communication quality and interference patterns are leading concerns for WiFi APs users. The Received Signal Strength (RSS) map of AP exhibits the received signal strength corresponding to this AP at each location within its coverage. Hence, in largescale outdoor environments, RSS maps of APs could provide fundamental information for mobile users, e.g., aiding the development of conflict graph and knowing the conflict between APs on specific spectrum bands [3] , selecting AP wisely and improving communication quality [4] , as well as exploring white space for device-to-device communications in cellular networks [5] .
Unfortunately, it is non-trivial to construct accurate RSS maps due to highly complex physical environments. Moreover, extremely large-scale wireless network [6] , [7] , especially urban wireless access network, makes the RSS map construction more difficult. A naive method [8] , [9] , [10] can build artificial RSS maps with unacceptable inaccuracy [11] , [12] , using a signal propagation model with rule of thumb parameters. To address this problem, a measurement-calibrated propagation model based method [3] is recently proposed to construct accurate RSS maps with partial measurements. However, this method [3] is expensive and rarely updated in large-scale outdoor environments, as it relies on customized measurements by the professionals with customized devices.
To solve these drawbacks of the current methods [3] , [8] , [9] , [10] , the crowd-sensing [13] can be leveraged to create an open and inexpensive platform for rendering up-to-date RSS maps. Recent studies also show that, the highly dynamic RSS values from smartphones can be leveraged for localization [14] and floor plan construction [15] , [16] in some specific scenarios. Inspired by these works, we aim at building a crowd-sensing system to construct accurate outdoor RSS maps with RSS measurements of massive smartphones. Distinguished from previous methods [3] , [8] , [9] , [10] , this system can construct the accurate RSS maps with commercial off-the-shelf (COTS) devices, which significantly decreases the map construction cost.
To achieve this system, two principal challenges need to be seriously addressed:
Apart from the environment effects, the RSS measurements of smartphone are inaccurate. First, the noise from the specific mobile devices is diverse due to the diversity of smartphone manufactures. Moreover, the working scenario (such as putting the phone in hand and in pocket) also makes such diversity complex, bringing about even more dynamic of RSS values. As the crowd-sensing users are untrained, and the application or software should be non-invasive, the RSS measurement collection is not reliable. Moreover, it does not make sense to require users to report RSS measurements constantly, especially in large-scale outdoor scenario, which incurs the 'incomplete data' problem. In this paper, we present a Crowd-sensing Accurate outdoor RSS Map method with error-prone smartphone measurements, called CARM. Specifically, to address the first challenge, we build the measurement error model of smartphone based on the experimental observations. Further, we propose an iterative approach based on Davidon-FletcherPowell (DFP) algorithm [17] , where crowd-sensing measurements are calibrated based on the 'coarse' signal propagation model, and these calibrated measurements are fed back to refine the previous 'coarse' model. The key intuition is that the calibrated measurements based on the error model are constrained by the physics of the propagation model. When the iterative process converges, we can achieve both the accurate calibrated measurements and the accurate propagation model simultaneously. Moreover, according to the second challenge, we leverage the accurate propagation model to predict the RSS values of the locations without measurements. In addition, we use a small number of seed users 1 to improve the calibrated accuracy by direct and indirect encounter of other users. Theoretical analyses prove the convergence and optimality of our method, while real experiments evaluate its performance.
The major contribution of this paper is three-folds:
1) Based on the observations of real experiments, we build the measurement error model of smartphone.
To the best of our knowledge, our work is the first study on building and using the measurement error model for taming noisy crowd-sensing data. 2) We propose an iterative method based on the DFP algorithm to estimate the parameters of the measurement error model and the signal propagation model simultaneously, where both of them are unknown in prior and the ground truth is generally unavailable. The key insight is that, correlating the roaming features of mobile users and the propagation model, we can tame the 'inaccurate' and 'incomplete' crowdsensing data. 3) We build the prototype system of crowd-sensing outdoor RSS maps, based on which we evaluate the proposed method. The results show that, CARM can achieve accurate RSS map with 8.5 dBm average error, improving the accuracy by 57.2 percent when compared with the baseline method. 2 The improved accuracy of RSS map will make conflict graph more convincing, and achieve more efficient spectrum usages. The remainder of this paper is organized as follows. First, we literally review the related work in Section 2, and make preliminary experiment studies for RSS measurement error in Section 3. After that, Section 4 introduces the research motivation and challenges. Section 5 proposes CARM method to address these challenges. We make the experiments based on the crowd-sensing prototype system to evaluate CARM approach in Section 6. Section 7 discusses the limitations of CARM method, and indicates the future work. Finally, we conclude our work in Section 8.
RELATED WORK
The simple methods [8] , [9] , [10] (called as parametersbased method) use the signal propagation model with ruleof-thumb parameters to construct artificial RSS maps in the outdoor environment. It is noted that, the propagation model is an empirical mathematical formulation for the characterization of wireless signal propagation [18] . However, according to the empirical studies [11] , [12] , these methods produce unacceptably inaccurate RSS map with low cost. Another naive method is the exhaustive on-site survey of RSS, which is nearly impossible in large-scale outdoor environments due to extremely high measurement cost. To address these problems, Zhou et al. [3] recently propose a method based on the measurement-calibrated propagation models, named as ground-truth based method. They only use a subset of on-site ground-truth samples to calibrate the propagation model, which is exploited to predict the RSS values of the overall area. This method can achieve an accurate RSS map. However, as it needs the professionals with special devices to accurately measure the RSS values, such approach would be costly and cannot be put into practice in large scale. In contrast, we leverage the crowd-sensing of users with the available but inaccurate devices (such as smartphone) to build accurate RSS maps with low cost. To sum up, the main differences between our method and existing methods are illustrated in Table 1 .
Several studies [14] , [15] , [16] , [19] , [20] , [21] , [22] also use crowd-sensing to build other maps. Specifically, Rana et al. 2. It directly uses the raw measurements of smartphone to construct the RSS map based on the propagation model. [19] use the microphones and GPS sensors of smartphones to build the noise map of city. They use the compressive sensing (CS) algorithm [23] to solve the 'incomplete data' problem of crowd-sensing, while exploiting manual calibration method to calibrate the measurement errors of each smartphone. However, the manual calibration of each user's smartphone is difficult to realize for a large number of uncooperative users in crowd-sensing system. Conversely, we propose an automatic calibration method without the cooperation of the users. Additionally, crowd-sensing RSS measurements were used to build indoor map [14] , [15] , [16] , [20] , [21] , [22] . For example, Shen et al. [14] build the indoor pathway map, while Bruno et al. [15] , [16] , [20] , [21] , [22] construct indoor RSS map. As these methods use the exhaustive samples of crowd-sensing to build map in the indoor environments, they cannot solve our problem, where crowd-sensing samples are partial in the outdoor environment. Similar to our work, in France, research scientists developed a crowd-sensing based project (called Sensorly [24] ) in 2010. The Sensorly project use the smartphone sensing data of 500 million volunteers from 50 countries to construct the coverage map of wireless network, such as 3G and WiFi. Also, this project provides a free web service for querying the wireless signal coverage. The Sensorly project focuses on constructing coarse signal coverage map, and could not effectively solve the inaccurate problem of the crowd-sensing data. In contrast, our work digs into the measurement error model of smartphone, and leverages the signal propagation model to construct accurate RSS map.
UNDERSTANDING RSS MEASUREMENT ERROR IN SMARTPHONE
As the crowd-sensing system of RSS map construction heavily depends upon the sensing of users' smartphones, the measurement errors of smartphones is a major reason leading to poor RSS map construction. As a result, in this section, we explore the errors of smartphone RSS measurements with real experiment study, bringing about the research problem and the solved ideas.
Experiment Design
We deploy four APs at different locations in an outdoor environment (i.e., the building rooftop of our laboratory as shown in Fig. 1a ). As shown in Fig. 1b , three APs (i.e., AP1, AP2 and AP4) are deployed outside of buildings, while one AP (i.e., AP3) is deployed inside of buildings. In the building rooftop, the WiFi APs can be deployed arbitrarily according to our experimental requirements. Also, considering the limited coverage of the deployed APs, e.g., less than 100 m, the building roof top (111 m Â 167 m) is qualified and satisfactory to investigate error models in a controllable environment with limited interference. We develop an android-based smartphone application for sensing and collecting the RSS of APs. This application uses the WiFi signal detecting sensor and GPS of smartphone to acquire the ID number and RSS of the APs, as well as the location and time of sensing. Also, this application automatically sends this sensing data to the central server via the available wireless networks, such as WiFi network.
In this experiment, we divide the whole outdoor area into 2 m Â 2 m grids, whose size is reasonable as the error of the GPS positioning is 2-3 meters [25] . The number of the grid points is about 1,000. We measure RSS values of the APs at each grid point, using three types of 'off-the-shelf' smartphones, i.e., Samsung, Huawei and Sharp. 3 Also, we collect measurements in three conventional working scenarios of smartphone, i.e., putting in hand, in pocket and in bag (backpack). Note that, these working scenarios can be identified by the Inertial Measurement Unit (IMU) sensors of smartphone in practice, which has been well studied in the literature [26] . Thus, this experiment has equivalently 9,000 measured points. Several measured points are line-ofsight, while the others obstructed by obstacles are non-LoS. Notably, we employ a laptop equipped with an advanced WiFi card 4 to achieve ground-truth measurement of each location. Such WiFi card is often used for ground-truth evaluation [3] due to its higher receiving sensitivity (À92 dBm) comparing with conventional cards. Additionally, at each location, for both the smartphone measurement and the ground-truth measurement, we continuously measure for 50 times (it takes about 1 minute), and average these measurements to decrease errors.
Experiment Observation
Based on the above experiments, we make three observations as follows.
First, the RSS measurements in smartphone are bearing considerable error. We evaluate the RSS measurement errors for these three types of smartphones. As shown in Fig. 2 , 96 percent of the errors are above 10 dBm, and more than 40 3. Samsung N7108, Huawei U9508 and Sharp SH3307 smartphone. 4. IDU-2850UG-U20 high-power wireless USB adapter of Wifly-City System Inc [27] , equipped with a 7 dBi external omni antenna and a dual amplifier. percent of the errors are above 20 dBm. Notably, the maximum error is up to 40 dBm.
Further, the errors of RSS measurements in smartphone can be characterized by the linear error model, i.e., the measurement errors are linear with the ground truth. We explore the model of RSS measurement error by experiments. First, we try the normal distribution model. As illustrated in Figs. 3a, 3b and 3c, the frequency distributions of RSS measurement errors are distinguished from the normal distribution for all these three types of smartphones. Moreover, we exploit the Jarque-Bera test method [28] to test the assumption, i.e., the RSS measurement errors of smartphone follow normal distribution. The test results reject this assumption. As a result, the RSS measurement errors of smartphone do not follow normal distribution model. Finally, we use the linear regression method to fit the relationship between the RSS measurements and the ground truth. As shown in Figs. 4a, 4b and 4c, the measurements are linear with the ground truth in all the three types of smartphones as well as all the three working scenarios. The linear model achieved under Least Squares Rule [29] is shown in Table 2 . Specifically, the slopes of all the error models are around 1. It is reasonable because the measurements should equal to the ground truth in the ideal case. Moreover, all the measurements have a negative offset, since the smartphones are provided with lower receiving gain due to the small antennas. These experiment results show that the RSS measurements of smartphone are linear with the ground truth. Thus, the RSS measurement errors of smartphone are linear with the ground truth.
Finally, the parameters for the error model of RSS measurements are tightly coupled with the working scenarios and smartphone types. As shown in Table 2 , the smartphone types and working scenarios make a significant impact on the error models. Specifically, as shown in each column of Table 2 , the model parameters vary with the smartphone types even in the same working scenario. Also, as shown in each row of Table 2 , the model parameters differ among the working scenarios even in the same smartphone. Both the slope and the offset of the models are different. The offset difference is the dominant factor when users are far away from the AP (the ground truth is smaller). Conversely, the slope difference is the dominant factor when users are approaching to the AP.
MOTIVATION AND CHALLENGE
In this section, based on the experimental observations of Section 3, we present the motivation of the research problem and its challenges.
Motivations
It is a fundamentally important study to construct RSS maps in large-scale outdoor environment. However, current methods either have poor accuracy based on empirical parameters or have high cost based on on-site survey with 
y and x denote the smartphone RSS measurement and its ground truth, respectively.
customized devices. To address these drawbacks, the crowd-sensing of massive common users with smartphones can be leveraged to construct accurate RSS maps with small cost in large-scale environments. The work process of the crowd-sensing based RSS map construction system is as follows. Large numbers of users simply walk around in the large-scale outdoor environment in normal course. Each user's smartphone automatically records the RSS values corresponding to APs along with current locations (e.g., GPS) at different positions and different time. Simultaneously, they report this sensing data to a central server by available wireless networks, e.g., WiFi and cellular network. The server exploits large amounts of sensing data to construct and update the RSS maps for these APs in real time.
The RSS measurements of smartphones have large errors according to the experiment observations in Section 3.2, while they are incomplete due to the uncontrolled property of crowd-sensing users. As a result, the key to realizing this crowd-sensing system is to construct accurate RSS maps based on the inaccurate and incomplete crowd-sensing measurements in the central server.
There are two opportunities which we can use to address this critical problem. First, the inspiring observation in Section 3.2 shows the linear relationship between the measurement error and the ground-truth value. Leveraging such simple but effective measurement error model would ensure the fidelity of smartphone measurements, which is fundamentally important for future efficient crowd-sensing applications [14] , [30] . However, it is extremely difficult to use this error model to construct accurate RSS maps without any ground truth [31] , [32] . Fortunately, in outdoor environment, signal propagation model can predict the RSS value of each location, providing instructive error correction hints in different locations. To the end, leveraging these two models will bring us opportunities to build accurate RSS maps with 'inaccurate' and 'incomplete' crowd-sensing data.
Challenges
However, achieving accurate measurement error model as well as signal propagation model is non-trivial. Two principal challenges should be well addressed as follows.
1) Measurement calibration with unknown model parameters: Although measurement error model can be used for calibration, its parameters are not previously known for mobile crowd-sensing users. Even worse, the parameters heavily depend on both smartphone types and working scenarios of users. 2) Building propagation model with inaccurate measurements: Although signal propagation model can be used to predict the RSS values, unfortunately, the parameters of propagation model vary with physical environments [3] , [18] . Furthermore, the parameter estimation only relies on inaccurate crowd-sensing measurements, thus coupling with the measurement calibration.
CARM DESIGN
Overview of CARM
In tackling the aforementioned challenges, we propose CARM method to construct accurate outdoor RSS maps with inaccurate and incomplete crowd-sensing measurements, based on the following two basic ideas.
1) We combine the measurements with the predictive RSS values based on the propagation models to estimate the error model parameters, which are used to calibrate the measurement errors. After that, we use these calibrated measurements to estimate the parameters of the propagation models. 2) We propose an iterative method to calibrate the measurements and estimate the propagation model parameters iteratively. Through iterations, the accuracy for both the calibrated measurements and the estimated parameters of propagation model improves incrementally until convergence. Specifically, CARM method mainly consists of two following components.
Iterative estimation of model parameters (Section 5.2):
Based on the DFP algorithm [17] , we estimate the parameters of the measurement error models and those of the signal propagation models iteratively until convergence. model-driven rss map construction (Section 5.3): When the iterations converge, based on the converged values of model parameter estimation, we use the measurement error model and the signal propagation model to construct accurate and complete RSS maps. In the following sections, we firstly specify these two components of CARM individually, followed by giving the description and analysis of CARM algorithm.
Iterative Estimation of Model Parameters
In this section, leveraging the inherent relationship between the measurement error model and the propagation model, we propose an iterative method based on the DFP algorithm to estimate the parameters of these two models. In the following, we first build these two models, followed by formalizing the estimation problem of model parameters. Finally, we propose an iterative method to solve this problem.
Measurement Error Model and Propagation Model
Measurement error model. According to the experimental observation of Section 3.2, the RSS measurements of smartphone are linear with the ground truth. Let S k ij denote the kth RSS measurement by the ith user about the jth AP. Hence, its calibrated RSS measurement C k ij is given by:
In the error model, p i and h i denote two unknown parameters of this model, depending on both the smartphone types and the working scenarios. Table 3 summarizes the notations frequently used in this paper.
Signal propagation model. We use a typical signal propagation model (i.e., the uniform path loss model [18] ) to characterize the outdoor RSS distribution of AP. Let X j denote the location of the jth AP, and X k ij denote the kth measured location of the ith user about this AP. Thus, the predictive RSS value of the jth AP at the location X k ij is given by:
In this propagation model, l k ij denotes the distance between the location X k ij and the jth AP. b j ¼ P 0 j þ 10g j log d 0 , and a j ¼ 10g j . P 0 j denotes the transmit power of the jth AP. d 0 and g j denote the reference distance and the path loss exponent, respectively. Thus, a j and b j are the unknown parameters, depending on the settings of the jth AP and its physical deployment environment.
Estimation Problem of Model Parameters
Ideally, both the calibrated measurements based on the accurate error model and the predictive RSS values based on the accurate propagation model are very close to the ground truth. Thus, the difference between the calibrated measurements and their corresponding predictive values is greatly small, when the parameters of the propagation model and the error model are both accurate. As a result, our goal is to compute the parameter estimations of the error model and propagation model, minimizing this difference. Formally, according to Eq. (1) and (2), this parameter estimation problem is formalized as:
Minimize F ðp i ; h i ; a j ; b j ; i 2 ½1; N; j 2 ½1; MÞ
where
where N and M denote the number of the crowd-sensing users and the deployed APs, respectively. U j denotes the set of the users, measuring the RSS values of the jth AP. K ij denotes the index set of samples by the ith user about the jth AP. The equation ðC k ij À P k ij Þ quantifies the difference between the calibrated measurement of user and the corresponding predictive value. Since one AP may be sensed by several users for several times, F denotes the sum of all the differences between the calibrated measurements of all the users and the corresponding predictive values for each AP.
Iterative Estimation Method
As this parameter estimation problem is a single-objective non-linear optimization problem [33] , we use DFP algorithm to solve this problem. DFP algorithm exploits the gradient information and the variation of solution to adjust the search direction iteratively, in order to achieve the optimal solution. In each iteration, it mainly consists of two components, and we take the tth iteration for an example to illustrate them in the following.
Adjusting searching direction. Based on the current gradient and current solution, adjust the searching direction, so as to converge into the optimal solution. Let x t and g t denote the current solution and the current gradient of the tth iteration, respectively, i.e., g t ¼ rFðx t Þ. Then, the searching direction of the tth iteration (i.e., d t ) is:
where H t denotes the positive definite matrix of the tth iteration, and the initial value H 0 is set in prior. y t denotes the difference between the current gradient and the latest one, i.e., y t ¼ g t À g tÀ1 . s t denotes the difference between the current solution and the latest one, i.e., s t ¼ x t À x tÀ1 .
Estimating new solution. Based on the searching direction d t , estimate the new solution to minimize the objective function in terms of this direction. Let x tþ1 denote the new solution of the ðt þ 1Þth iteration. Then, estimating this new solution is to solve the linear searching problem as Eq. (7). It is easy to solve this problem by computing the derivative of the objective function <t t > ¼ arg min
where t t denotes the length of searching step.
Model-Driven RSS Map Construction
We construct RSS maps, based on the parameter estimations of the measurement error model and the propagation model in the previous section. Specifically, according to the error model in Eq.
(1), we compute the calibrated values for the measurements of each smartphone, given its error model parameters. As only a small number of locations are measured, most of the locations are left without measurements. Luckily, we leverage the propagation model in Eq. (2) to predict the RSS values of each location without measurement, given the model parameters for each AP.
In addition, we use a small number of seed users, where the error model parameters of their smartphones are known previously. It is reasonable to include several ground-truth k of unmeasured location X k (X k 2 X j n e X j ), according to Eq. (2), based onâ j andb j .
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Description and Analysis of CARM Algorithm
Description of Algorithm
Summarizing the two components of CARM method in Sections 5.2 and 5.3, as illustrated in Algorithm 1, we give the algorithm description of CARM as follows.
The error model parameters of each user and the propagation model parameters of each AP are initialized by the empirical values in line 1. Note that, the influence of the initial values on the algorithm performance is slight, due to the convergence of iterations. In line 2-6, the algorithm iteratively estimates the propagation model parameters and the error model parameters, until the objective function converges. After the iterations converge, in line 7-10, we use the converged parameter estimations of the error models to calibrate the smartphone measurements, and use those of the propagation models to predict the RSS values at the locations without measurement. Finally, in line 11-12, we construct the RSS maps, aggregating the calibrated measurements and the predictive values at the locations without measurement (i.e., X j n e X j ). Note that, X j denotes the set of all the locations in the coverage area of the jth AP, and e X j denotes the set of locations with measurements, i.e., e X j X j .
Analysis of Algorithm
First, CARM algorithm has a polynomial time complexity. According to the literature [33] , the time complexity of DFP-based Iterative Estimation is O À ðN þ MÞ 2 IÞ, where I denotes the number of the iterations. Moreover, in Models-based RSS Map Construction, the time complexity is OðT Þ, where T denotes the number of all the samples in RSS map. Thus, the time complexity of this algorithm is
And then, CARM method can converge to the optimal solution. In the following, we prove the optimal property of this method.
Theorem 1. The objective function of the model parameter estimation problem is convex. 
Proof. We let Q ¼ ðp
Also, we have
According to Eq. (9) and Eq. (10), we have: 
According to the decision condition of the convex function [33] , G k ij ðQÞ is convex. Since F ¼
ðQÞ, according to the additive property of the convex function [33] , the objective function F of the model parameter estimation problem is also convex.
t u
According to Theorem 1, the objective function of the model parameter estimation problem is a convex function. According to the convergence condition of the DFP algorithm [34] , we can get the conclusion of the optimal solution. 5 
EXPERIMENTAL RESULTS
In this section, we conduct crowd-sensing experiment to evaluate CARM in terms of the two following aspects. First, we evaluate the calibration accuracy and prediction accuracy of CARM along with its convergence. After that, we evaluate the performance of RSS map construction based on a small-scale crowd-sensing system.
To evaluate our approach, we compare it with two comparative methods. The first one, called the Baseline method, does not calibrate the smartphone measurements. The raw measurements are directly used to estimate the signal propagation models, which are exploited to predict the RSS map. The second one is based on the ground-truth measurements of partial locations, called Partial ground truth based (PGT) method. Specifically, based on these ground truth, PGT method uses the linear regression method to estimate the measurement error model parameters of smartphone and the signal propagation model parameters of APs individually. After that, it uses this error model and this propagation model to calibrate the RSS measurements and predict the RSS values at unmeasured locations, respectively. PGT method is similar to the current work [3] , while the difference is that PGT method additionally uses the error model to calibrate the RSS measurements. However, distinguished from CARM, PGT method uses the ground truth to estimate the parameters of these two models alone, while CARM jointly estimates them only based on raw RSS measurements.
Performance Evaluation of CARM
In this section, we make experiments to evaluate the performance of CARM in terms of the calibration accuracy and the prediction accuracy. In these experiments, we make a slight modification on the experimental settings of Section 3.1 as follows. We recruit nine volunteers to measure the RSS values of four APs as shown in Fig. 1b . We set one user as the seed user, where the error model parameters are known in prior and achieved by off-line learning in practice. This seed user measures four APs, and makes 25 samples per AP at 25 different locations. Other users randomly walk in the deployed region of APs to make measurements at about 5,000 locations, including line-of-sight ones and noneline-of-sight ones. Thus, the number of measurements by the seed user is significantly smaller than that of other crowd-sensing users.
There are two main metrics, i.e., the calibration error and prediction error. The calibration error (the prediction error) denotes the difference between the calibrated measurements of smartphone (the prediction RSS values) and the ground truth. In the baseline method, we use the errors of the raw RSS measurements as the calibration errors since it has no calibration. PGT method uses the ground-truth measurements of about 2,000 locations for calibration and prediction.
In the following, we evaluate the calibration error and prediction error of CARM, the impact of the seed user (the number of APs and samples) on the performance, as well as the convergence of this algorithm.
Calibration and Prediction Accuracy
In this experiment, comparing with the baseline method and the PGT method, we evaluate the calibration and prediction accuracy of our approach.
For the calibration and prediction accuracy, our method makes a great improvement (20 dBm) than the baseline method, and almost achieves the same accuracy as PGT method. As shown in Figs. 5a and 5b, the calibration errors and prediction errors of CARM method are significantly less than those of the baseline method. Specifically, 95 percent of the calibration errors are less than 10 dBm for the CARM method, while 90 percent of the calibration errors are ranging from 10 to 30 dBm in the baseline method. Notably, 94 percent prediction errors of the CARM method are less than 10 dBm. Meanwhile, 98 percent prediction errors of the baseline method are beyond 10 dBm, reaching up to 30 dBm in the worst case. Thus, our method can decrease the calibration and the prediction errors by about 20 dBm. Further, as depicted in Figs. 5a and 5b, CARM method achieves almost the same accuracy as the PGT method, in terms of both the measurement calibration and RSS prediction. Specifically, in PGT method, 95 percent of the calibration errors are less than 10 dBm, and 98 percent of the prediction errors are less than 10 dBm. However, the PGT method is nearly infeasible to realize, as it is labor-intensive and time-consuming to get the massive ground truth in a large-scale environment.
The reasons in achieving these desirable properties of CARM are as follows. Combining the signal propagation model of APs with the measurement error model of smartphone, CARM calibrates the smartphone measurements and predicts the RSS values iteratively. Moreover, we use only a small number of available seed users (e.g., one seed user in this experiment) to calibrate other smartphones and estimate the propagation model. Leveraging the nature of the random roaming and the opportunistic encounters of the crowdsensing users, CARM can achieve surprisingly good performance. Note that, the encountering of mobile users means that they are within the communication coverage, and highly possible that, they are connecting with the very same AP. As the communication coverage of the AP is large (e.g., 100 m) [18] , the opportunities of encountering are fruitful. 5. Our iterative method can converge to the optimal solution, where the total difference between the calibrated measurements based on the error model and the predictive RSS values based on the propagation model is minimized.
Impact of the Number of APs
In this experiment, we analyze the influence of the number of the APs sampled by the seed user on the performance of our method. We change the number of APs from 1 to 4.
The calibration and prediction accuracy of CARM increases with the number of sampled APs, but outperforms the baseline method all the time. As shown in Figs. 6a and 6b , both the calibration accuracy and the prediction accuracy of CARM method increase with the number of sampled APs. Nevertheless, the accuracy of CARM method is much better than that of the baseline method, even when the seed user only samples one AP. For example, 50 percent of the calibration and prediction errors in CARM method are less than 15 dBm, while those in the baseline method are less than about 23 dBm. What's more, the accuracy when the number of APs is 3 nearly approaches to that when the number of APs is 4. As a result, our method still achieves a high accuracy, even when the seed user does not sample all the APs. The reason is that, the seed user could calibrate the smartphones of the encountering users, which will also calibrate the smartphones of other users by random roaming and opportunistic encounter. Thus, leveraging the nature of the random roaming, more and more smartphones can be calibrated, even when they did not encounter the limited seed users directly.
Impact of the Number of Samples
In this experiment, we study the impact of the number of samples by the seed user. The number of the APs sampled by the seed user is set to 3. The number of RSS samples measured by the seed user per AP is 5 to 25.
Our method achieves high accuracy as the PGT method, only needing 25 samples. As depicted in Figs. 7a and 7b , calibration errors and prediction errors of CARM method decrease with the number of the samples. However, when the number of samples is 5, our method can achieve a much higher accuracy comparing with the baseline method. Specifically, 90 percent of the calibration and prediction errors are less than 13 dBm in CARM method, while 90 percent of the errors are above 15 dBm for the baseline method. Furthermore, when the number of samples is 25, CARM method also achieves similar performance as the PGT method.
Convergence of Algorithm
In this experiment, we validate the convergence property of our algorithm. As depicted in Fig. 8 , after limited iterations (about four iterations), CARM method can converge into the optimal solution, where the objective function is minimized. Also, as shown in Fig. 8 , the objective values decrease dramatically with the iterations. Note that, the objective value denotes the value of the objective function F ðÞ in Eq. (3). In addition, this experiment result is consistent with the theoretical analysis in Section 5.4.2.
Evaluation of RSS Map Construction
In this section, we evaluate the performance of RSS map construction by a small-scale crowd-sensing experiment. Specifically, as shown in Fig. 9 , we deploy five APs in the outdoor environment. Also, we recruit 20 volunteers to join in this crowd-sensing experiment. These users measure RSS values of the APs by roaming randomly in the trajectories, as shown in Fig. 9 . The movement speeds of these users are about 60-120 m/minute (i.e., the normal movement speed of persons). Moreover, they use five different types of smartphones (i.e., Samsung, Huawei, Sharp, Lenovo and HTC) with three working scenarios (i.e., in hand, in pocket and in bag). We set one user as the seed user, who measures three APs for about 35 measurements per AP, while other users make about 8,000 measurements. Further, we use the advanced WiFi card to measure the ground-truth measurements exhaustively in these trajectories, the number of these measurements is about 2,200 (the number of the measured points in the whole area is about 6,000). In PGT method, we construct the RSS map by combining these ground-truth measurements at partial locations and the measurements of other locations which are predicted based on the signal propagation model calibrated by these ground truth measurements.
Our method can achieve a highly accurate RSS map with 8.5 dBm average error, and improve the accuracy by 57.2 percent in comparison with the baseline method. Here we only plot the RSS map of the fourth AP due to limited pages, and those of other APs are similar to it. As shown in Figs. 10a, 10b and 10c, comparing with that of the baseline method, the RSS maps of our method are much more similar to that of PGT method. Further, the average RSS error of RSS maps is 8.5 dBm in CARM, and 19.8 dBm in the baseline scheme, with the benchmark of the PGT method.
LIMITATIONS AND FUTURE WORK
In this section, we will discuss the limitations of our approach as well as the future work.
Change of RSS measurements with time. We make experiments to evaluate the change of smartphone RSS measurements with time. As the experiment settings of Section 3.1, we use three smartphones in hand to measure the RSS of AP at 26 locations. In each location, each smartphone measures 50 times consecutively with 2 seconds interval. First, we analyze the change of RSS measurements with the time at one location. As shown in Fig. 11a , the RSS measurements vary slightly with the time for these three smartphones. The standard deviations are 1.52, 0.77, and 1.06 dBm for Samsung, Huawei and Sharp smartphones, respectively. Moreover, we investigate the change of RSS measurement with the time at all the locations, and plot a box plot for the standard deviations of the RSS measurement change at 26 locations. As illustrated in Fig. 11b , the change of RSS measurements with time is small at all these locations for the three smartphones. Specifically, the median standard deviations are 1.55, 1.92 and 2.06 dBm, while the maximum ones are 2.40, 3.56, 3.32 dBm for Samsung, Huawei and Sharp smartphones, respectively. In summary, these experimental results indicate that, the smartphone RSS measurements vary with the time due to environmental influences, such as the movement of other persons. However, this measurement change is slight in outdoor environments, e.g., the maximum deviation is less than 4 dBm for about 2 minutes. Thus, according to the experimental results, the long time may affect the performance of CARM method due to the time-varying RSS measurements, which will be explored and solved in the future.
Signal propagation model for WiFi AP. In this paper, we use the signal propagation model of WiFi AP to predict the RSS values, based on a assumption that the propagation of wireless signal follows the uniform path loss model. As this typical model mainly captures the essence of signal propagation, it is limited due to not considering several complex factors in various environments, such as shadow fading [25] , the outage probability and coverage area [18] . There are two possible methods to solve the limitations of this model. First, we can use a more complex model to characterize the signal propagation based on available city maps which provide the information of shadowing fading [25] , such as the Combined Path Loss and Shadowing model [18] . On the other hand, the accurate propagation models are extremely difficult to be achieved owing to variable wireless signal and complex environments [18] . Hence, instead of the propagation model, we can use the Compressive Sensing theory [35] to predict the RSS values, leveraging the correlation of RSS values in adjacent areas. Further, we will explore these two methods in the future.
Linear model for smartphone measurement error. In this paper, we exploit the linear model for characterizing the smartphone RSS measurement errors due to the following three reasons. At first, this model has been validated by different smartphones, usages, locations and environments in our real experiments. Also, a similar conclusion has been drawn and validated by the real experiments in the studies [36] , [37] , [38] , i.e., the RSS measurements vary with WiFi devices owing to the difference of WiFi chipset, antenna type as well as encapsulation material, and they exhibit a linear relationship. Thus, as WiFi devices, smartphones of different companies also have this property. At last, this paper aims at constructing an accurate RSS map, using the measurement error model and signal propagation model. Although the linear model is not highly accurate, e.g., adding more complex and high-level residual term, this model is often used since it is simple and effective [36] , [37] , [38] . In future work, we will deeply investigate the RSS measurement error model of smartphone, and build more accurate and complex model.
Ground-truth evaluation. First, in our study, the groundtruth measurements have errors and are not strictly "ground truth". However, it is reasonable for the following reasons. It is extremely hard to achieve the ground-truth RSS measurements in practice. Moreover, as most of current methods [3] , we use an advanced device [3] with greatly smaller error to measure RSS values, which are considered as the ground truth roughly. In the future work, we will evaluate the errors of this advanced device further.
Second, in the experiments, we use PGT method as the benchmark of comparison. As mentioned in Section 6, PGT method is only based on the ground-truth measurements of partial locations and the measurements of other locations are estimated based on the signal propagation model, while the ground-truth method is based on the ground-truth measurements of all the locations. Thus, Partial ground truth based (PGT) method is not a strictly ground-truth method. However, it is reasonable to use PGT method as the benchmark for the following reasons. The ground-truth method is difficult and labor-intensive due to making exhaustive measurements in large-scale outdoor environments. Thus, as an approximate substitute, we use the PGT method to produce a rough ground-truth map. PGT method is proposed by Zhou et al. [3] , and the experiment results [3] show that it can achieve high accuracy. In the future work, we will measure the ground truth exhaustively in the whole experiment area, and compare our method with the ground-truth method further.
Complex and dynamic environment. In this work, we only made a preliminary experiment in a controlled outdoor environment (e.g., a rooftop) to evaluate the CARM approach. Our setup allows us to realistically examine several challenges, e.g., several volunteers are roaming in this place; this area is shadowed by several obstacles, and several APs (e.g., AP3) are deployed inside of buildings as shown in Fig. 1 . However, there are other real world challenges we leave to future work. For example, in railway station and city-center, the dynamic space is crowded with persons; the APs are intermittently available; large numbers of users are participated in large-scale environments. These challenges will be considered in the future experiments.
The dynamic environments with many persons may deteriorate the performance of CARM method for the following reasons. As large numbers of persons are roaming around the APs, it dynamically changes the propagation of wireless signal, leading to the larger errors of the propagation model. In addition, massive APs in large-scale environments may make impacts on the performance of CARM method for the following reasons. CARM method uses the indirect calibration of a few seed users. When there are large numbers of APs deployed in large-scale environments, many APs are not sampled by these limited seed users. As shown in Fig. 6 , both the calibration accuracy and prediction accuracy of CARM method decrease with the number of the APs which are not sampled by the seed users. Hence, massive APs in the deployed area may decrease the performance of CARM method. To address this problem, we can use more crowdsensing measurements from more users, leveraging the measurement diversity of different users. Moreover, we can add more seed users to achieve the ground-truth measurements for easing up the adverse influence of indirect calibration. In future work, we will study how to apply our method into these complex and dynamic environments.
AP location. As mentioned before, we made an assumption that the APs' locations are known in this paper. This assumption is reasonable for the following two reasons. First, parts of APs' locations are available, e.g., the deployed geography of the city pubic WiFi APs is easily available [1] . Second, if some APs' locations are unavailable, such as a few personal or private APs, we can achieve these APs' locations with the involvement of persons [39] , which is probable in the centralized crowd-sensing network.
CONCLUSION
In this study, we construct accurate RSS maps with the crowd-sensing of available error-prone smartphones. We propose CARM method to solve the 'inaccurate and incomplete data' problem of the crowd-sensing. Specifically, we build the measurement error model of smartphones based on the experiment observations. Moreover, combining the error model with the propagation model, we propose an iterative method based on DFP algorithm to estimate the parameters of these two models at the same time. Also, the propagation models are used to predict the RSS values of the locations without measurements. The theoretical proof shows that our iterative method can converge to the optimal solution. Further, through the validation of the crowd-sensing experiments, our method outperforms the baseline method, and almost achieves the same accuracy as the Partial ground truth based method.
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